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OLS Matrix ApproachOLS Matrix Approach
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OLS Matrix ApproachOLS Matrix Approachpppp
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VarianceVariance--Covariance MatrixCovariance Matrix
Assume normal distribution: 2~ (0, )u N Iσ

Under OLS Assumptions
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Weighted Least Squares (WLS)Weighted Least Squares (WLS)
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Autocorrelation: CochraneAutocorrelation: Cochrane--OrcuttOrcutt
1 2β βt t tY X u= + +Scalar
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4. Iterative procedure to estimate ρ 
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Autocorrelation: CochraneAutocorrelation: Cochrane--OrcuttOrcutt
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OLS OLS vsvs GLS GLS vsvs FGLSFGLS
OLS Estimation 1
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Dummy Dummy VariableVariable
In the case that we have special event that 

cannot be quantify (i.e. economics crisis), q y ( ),
dummy variable can be used.

Dummy variable is a discrete and binary-Dummy variable is a discrete and binary-
choice variable (0 or 1) that used to quantify 

li i  i d d  i blqualitative independent variable.
Dummy variable can only be 0 or 1. It cannot 

be 1 or 2.
In case that qualitative variable has more than In case that qualitative variable has more than 

2 choices, the model will have more than 1 
dummy variabledummy variable.

(Two choice – 1 dummy), (Three choice – 2 
d )  (F  h i  3 d )dummy), (Four choice – 3 dummy).
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Intercept Dummy VariableIntercept Dummy Variable
General model tttt uXXY +++= 22110 βββ

M d l i h I  D  V i blModel with Intercept Dummy Variable
ttttt uXXDY ++++= 221100 ββγβ ttttt 221100 ββγβ

where:  Dt = 0 before crisis 
f  i i= 1 after crisis.

This model can be interpreted as:
tttt uXXY +++= 22110 βββBefore Crisis:

This model can be interpreted as:

tttt uXXY ++++= 221100 )( ββγβAfter Crisis:
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Intercept & Slope Dummy VariablesIntercept & Slope Dummy Variables
Model with Intercept and Slope Dummy 

Variable

ttttttttt uXDXXDXDY ++++++= 2222111100 γβγβγβ

Variable

ttttttttt 2222111100 γβγβγβ

where:  Dt = 0 before crisis 

This model can be interpreted as:

t
= 1 after crisis.

tttt uXXY +++= 22110 βββBefore Crisis:
This model can be interpreted as:

0 0 1 1 1 2 2 2( ) ( ) ( )t t t tY X X uβ γ β γ β γ= + + + + + +After Crisis:
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Test Structural Change Test Structural Change –– Dummy  Dummy  
Variable Test Variable Test vsvs Chow TestChow Test
Dummy Variable TechniqueDummy Variable Technique

tttt uXXY +++= 22110 βββAllR
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UR
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UR
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2 0 1 1 2 2 1t t t tY X X uα α α= + + +Before for t  = 1, 2, …, n1

0 1 1 2 2 2t t t tY X X uβ β β= + + +After for t = n1+1, n1+2,…, n1+n2

2

3
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Dummy Variable Dummy Variable vsvs Chow TestChow Test
Chow Test Dummy Variable
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Comparing the Two Methods
Chow test is to test whether all estimators are Chow test is to test whether all estimators are 
the same or not.

Dummy variables technique test whether Dummy variables technique test whether 
intercept dummy coefficient and all slope 
d  ffi i t   ll l t    tdummy coefficients are all equal to zero or not.
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Interaction Effects Using Dummy Interaction Effects Using Dummy 
VariablesVariables
Model with Intercept and Interaction Dummy Model with Intercept and Interaction Dummy 

Variables
0 1 2 3t Mt Jt Mt Jt t tY D D D D X uα α α α β= + + + + +

where:  DMt = 0 other days or = 1 Monday.where:  DMt  0 other days or  1 Monday.
DJt = 0 other months or = 1 January.

Th  ffi i t  f th  d  i bl   b  The coefficients of the dummy variables can be 
interpreted as:

α1 = Monday effect.
= Jan ar  effectα2 = January effect.

α3 = Monday in January effect.3 y J y
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